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Abstract

Depressive disorders are the leading contributor to medical disability, yet only 22% of

depressed patients receive adequate treatment in a given year. Response to treatment var-

ies widely among individuals with depression, and poor response to one treatment does not

signal poor response to others. In fact, half of patients who do not recover from a first-line

psychotherapy will recover from a second option. Attempts to personalize psychotherapy to

patient characteristics have produced better outcomes than usual care, but research on per-

sonalized psychotherapy is still in its infancy. The present study explores a new method for

personalizing psychotherapy for depression through simulation modeling. In this study, we

developed a system dynamics simulation model of depression based on one of the major

mechanisms of depression in the literature and investigated the trend of depressive symp-

toms under different conditions and treatments. Our simulation outputs show the importance

of individualized services with appropriate timing, and reveal a new method for personalizing

psychotherapy to heterogeneous individuals. Future research is needed to expand the

model to include additional mechanisms of depression.

Introduction

Depressive disorders are the leading contributor to medical disability [1], yet only 22% of

depressed patients receive adequate treatment in a given year [2]. About 48% of people with

depression don’t receive care and, of those who do, response to treatment varies widely, and

poor response to one treatment does not signal poor response to others [3]. Only half of

patients find relief with a first-line psychotherapy [4,5], yet half of patients who try a second

option improve. Unfortunately, three-fourths of patients do not remain in treatment long

enough to try an alternative approach when an initial treatment fails, illustrating the impor-

tance of identifying the optimal intervention approach early [6].

While attempts to personalize psychotherapy to patients have produced better outcomes

than usual care [3,7,8], research on personalized psychotherapy is still in its infancy. In one

approach, studies have used pre-treatment variables to match patients to different psychother-

apies and patients with a better match reported better outcomes [7,9]. Another approach tested
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the effects of matching psychotherapy to patients’ strengths versus their weaknesses, and find-

ings showed that personalizing treatment to patients’ strengths resulted in better depression

outcomes than selecting treatment based on patients’ deficits [10]. Building on this work, DeR-

ubeis and colleagues [8] developed the Personalized Advantage Index (PAI) to predict whether

psychotherapy or antidepressant medication would produce a better outcome for a given

patient based on five pre-randomization variables; analyses of existing data revealed the PAI’s

potential for improving outcomes. Existing methods for personalizing care rely on several pre-

treatment patient characteristics (e.g., age, comorbid personality disorder, intake symptom-

atology), and no known approaches to date have attempted to link a patient’s mechanisms of

disease to the mechanisms of action of a treatment–a method that has been useful in personal-

izing pharmacotherapy [11].

Depression is a highly complex condition that involves a large number of interacting mech-

anisms, thereby requiring a method capable of representing multiple non-linear interactions.

One method for understanding complex problems and the impact of potential interventions is

system dynamics (SD) simulation method. SD is a method that has been used to identify ways

to manage and prevent chronic diseases, mostly at the population-level, and for public health

more generally [12,13]. SD models can represent the many non-linear interactions that con-

tribute to a problem over possibly distinct time scales [14]. Through a process of conceptual,

mathematical, computational, and simulation modeling, SD makes it possible to examine dif-

ferent aspects of systemic complexity and simulate what would happen to a person or popula-

tion under various circumstances in a virtual environment. When using detailed datasets to

ensure the simulation resembles its real-world counterpart, SD can be used to develop deci-

sion-support tools in which one can assess "what would happen if" an intervention or policy

was implemented [15]. In contrast to traditional clinical trials, the use of a virtual environment

in SD makes it possible to simultaneously examine many interventions (e.g., the effect of one

treatment can be ‘erased’ from a virtual patient before testing another), clinical targets, moder-

ators, and patient characteristics. SD is particularly relevant for depressive pathogenesis, where

many variables have non-linear interactions, and some may operate at the scale of days while

others operate over weeks, months, or years [16].

A central element to SD modeling is to identify and operationalize ’feedback loops’. Feed-

back loops are particularly important because they regulate dynamic phenomena [17] and can

amplify small individual differences, thus contributing to the large heterogeneity of depression.

One example of a feedback loop occurs when economic hardship increases vulnerability to

depression, and depression contributes to loss of energy and motivation, which in turn leads

to job loss and further exacerbates economic hardship. To identify the feedback loops contrib-

uting to depression, we used SD to develop a qualitative model incorporating the biological,

cognitive, social, and environmental reinforcing mechanisms of depression, including key

inertial factors thought to contribute to its development [16]. Building off this research and fol-

lowing recommendations for phased model building, a second study calibrated and validated

an SD model of rumination, stress, and depression [18]. The SD model was used to examine

the progression of depressive symptoms among heterogeneous adolescents. Findings showed

that changes in the initial value of prior stressors and rumination as well as current stressors

generated diverse trends in depressive symptoms and highlighted the importance of personal-

ized intervention.

The present study aims to use the SD model of depression, rumination, and stress to explore

a method for personalizing psychotherapy. Specifically, this study will examine whether mind-

fulness-based cognitive therapy (MBCT) has a different effect on adolescents who differ by

prior life stressful events, ongoing stressors, rumination, and trajectories of depressive symp-

toms. Since people often delay seeking treatment for up to eight years after experiencing a first
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episode of depression [19], this study will also examine the effects of various delays in seeking

treatment (i.e., 6 months, 2 years, 4 years, and 8 years after a first episode) on trajectories of

symptoms among heterogeneous adolescents. Each simulation will compare the effects of ther-

apy or therapy timing on 2,500 heterogeneous adolescents (i.e., 32 unique patient profiles).

This is the first known study to use SD simulation modeling to explore personalized

psychotherapy.

Method

This study was declared exempt by the Michigan State University Institutional Review Board.

Participants

Participants were 1,065 adolescents (n = 520 female; n = 545 male) from grades 6 to 8 in two

middle schools in central Connecticut. The sample included 56.9% (n = 610) Hispanic/Latino,

13.2% (n = 141) non-Hispanic White, 11.8% (n = 126) non-Hispanic Black, 9.3% (n = 100)

biracial/multiracial, 2.2% (n = 24) Asian/Pacific Islander, 0.8% (n = 9) Middle Eastern, 0.2%

(n = 2) Native American, and 4.2% (n = 45) other racial/ethnic groups. Based on school rec-

ords, 62.3% of students were eligible for free or reduced lunch. The socioeconomic status of

the community in which the two schools are located is rated low because the income per capita

is $18,404.

Procedure

This study used existing data collected by McLaughlin and Nolen-Hoeksema [20]. A full

description of the procedures are available in Michl et al. [21], however, a brief summary of

data collection procedures is included below. The parents of eligible adolescents (n = 1,056)

were contacted to provide active consent. Parents who did not return the consent form were

then contacted by phone. About 22% of parents could not be reached by phone, and six

parents refused to let their child participate in the study. Adolescent participants provided

written assent. The participation rate at baseline was 72%. Two additional assessments were

conducted after the first assessment. The first and second assessments were four months apart,

and the second and third assessments were three months apart. Of those who completed the

first assessment (T1), 28% (n = 221) did not complete the second assessment (T2), and 20.4%

(n = 217) did not complete the third assessment (T3). The primary reason for attrition was due

to students leaving the school district. Those who did not complete the second and third

assessments were more likely to be female (χ2 (1) = 6.85, p< 0.01), however, they were not dif-

ferent in terms of grade level, race/ethnicity, or being from a single-parent household

(ps> 0.10). Depressive symptoms and rumination level of those who did not complete at least

one of the follow-up assessments did not differ from those who completed all assessments

(ps> 0.10). Depressive symptoms and stressful life events were collected at T1 and T3 while

the level of rumination was measured at all assessment times (T1, T2, and T3).

Measures

Stressful life events. The Life Events Scale for Children [22] includes 25 instances of

stressful life events. Participants are asked to indicate if they experienced any of the events in

the past six months (e.g. “Your parents got divorced” and “You got suspended from school”).

This measure has a high test-retest reliability over a two-week period [23,24].

Rumination. The Children’s Response Style Questionnaire (CRSQ) [25] is composed of

25 items that measure the level of rumination, distraction, and problem solving in response to
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sad feelings. The CRSQ are grouped into three scales: 1) ruminative response subscale, 2) dis-

tracting response subscale, and 3) problem-solving subscale. We used the ruminative response

subscale (CRSQ-Rumination) which contains 13 items and generates a score between 13 and

52. Adolescents are asked to indicate how often they respond in a given way when they feel sad

(i.e., almost never = 1, sometimes = 2, often = 3, or almost always = 4). Sample items include

“Think about how alone you feel,” “Think about a recent situation wishing it had gone better,”

and “Think why can’t I handle things better?” The CRSQ-Rumination exhibited good reliabil-

ity in this sample (α = 0.86) and in previous research [25].

Depressive symptoms. The Children’s Depression Inventory (CDI) is a 27 item measure

of depressive symptoms in children and adolescents [26]. Each item contains three statements

from which respondents choose the one that best describes them in the past two weeks (e.g., “I

am sad once in a while,” “I am sad many times,” and “I am sad all the time”). The human sub-

jects committee and school officials requested that the item related to suicide be removed from

the questionnaires. The remaining 26 items generate a score between 0 and 52. The CDI exhib-

ited good reliability in this sample (α = 0.82).

Analysis: Developing a system dynamics model of depression

Our SD simulation model of depression simultaneously captured the reciprocal relationships

among depressive symptoms, rumination, and stressors at the individual level. SD models are

often used to understand complex systems and the endogenous feedback mechanisms under-

lying observed trends [14]. This method has provided remarkable contributions in various dis-

ciplines, including health policy and research [27–33], and it is very useful for capturing the

feedback mechanisms underlying depression [16]. SD models include a set of ordinary differ-

ential equations that can be simulated to examine the results of different assumed model struc-

tures. The strength of the hypothesized causal pathways can be determined by statistical

estimation of these models. Exogenous random terms can be included in the formulation of

SD models.

Using SD models to study depression provides three advantages. First, SD models can cap-

ture multiple feedback mechanisms, latent variables, and accumulations. Although simulta-

neous equation methods and structural equation models can include feedback and latent

variables, SD models incorporate all of these and also allow for nonlinearities. Second, SD

models provide insights about the behavior of the system by showing the simulation results

over continuous time. Third, SD models incorporate broad and realistic feedback mechanisms

that allow for designing and analyzing different interventions for the same simulated

individual.

The SD model that we developed in this study included two reinforcing feedback loops (Fig

1). It is based on the response style theory [34] depicted in reinforcing feedback loop 2 (R2),

and the mechanism suggested by Ruscio et al. [35] shown in R1. The assumption behind R1 is

that after experiencing a stressor, a person with a ruminative style spends time ruminating

about it which keeps those stressors active, and thus leads to an even higher level of rumina-

tion. In other words, rumination increases vulnerability to stressors by keeping an individual

activated and the stressor “alive” [35]. R2 captures the finding in previous research that a

higher level of rumination causes more depressive symptoms and more depressive symptoms
leads to even more rumination [34]. The balancing loop B1 shows the process in which people

let the stressor go. As the stock past stressor kept alive increases, the outflow let it go elevates

which leads to lower past stressors kept alive.

The formula of the model is as follows. Past stressors kept alive and depressive symptoms
influence rumination with a delay. Thus, current rumination is the first order delay (weighted
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Fig 1. The depression-rumination conceptual model. Boxes depict stock (or state) variables and arrows with valves represent flows

into/out of the stocks. Single-line arrows indicate causal relationships hypothesized among variables (the strength of which is estimated

below). A stock variable is the accumulation of the difference between its inflows and outflows and, mathematically, is represented as an

integral. The outflow, let it go, subtracts from the stock and represents a negative causal connection, which is not shown on the diagram.

https://doi.org/10.1371/journal.pone.0276441.g001
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average) of indicated rumination. Indicated rumination is a linear function of past stressors
kept alive [21], depressive symptoms [34], and gender [36].

indicated ruminationt ¼ ðy1 þ y2 � depressive symptomst þ y3 � gender þ
y4 � past stressor kept alive tÞ=ð1 � y5Þ ð1Þ

Rumination does not influence depressive symptoms immediately, as a result, depressive
symptoms is formulated as the first order delay of indicated depressive symptoms that we

assume is a function of rumination.

indicated depressive symptomst ¼ ðy6 þ y7 � ruminationtÞ=ð1 � y8Þ ð2Þ

In addition, indicated rumination and indicated depressive symptoms are not deterministic

and are influenced by random events outside the model boundaries such as unmeasured con-

textual influences. Usually, those events are serially correlated, as a result, we added first-order

auto-correlated noise terms that are normally distributed to the indicated rumination and indi-
cated depressive symptoms. In turn, θ10 and θ11 are the standard deviation of these noise terms

and θ12 is the correlation time.

The stock of past stressors kept alive contains the memories of stressors not the stressors

themselves (stock variables are defined in the legend in Fig 1). A stressful event occurs and

ends at some point in time, but ruminating about it as well as its impact on depressive symp-

toms may last much longer. The variable constructed directly from the measure of stressful life

events cannot be a good approximation for the past stressors kept alive because it reports stress-

ful events that happened in the past six months. Participants may still ruminate about an event

that happened more than six months ago or they may not think about an event that occurred

less than six months ago. To overcome this limitation, past stressors kept alive and ongoing
stressors were estimated from stressful life events (see procedure explanation in S1 Table). The

stock of past stressors kept alive is the accumulation of the difference between its inflow (i.e.,

ongoing stressors) and outflow (i.e., the process through which people let the stressor go).

past stressors kept alive t ¼

Z

t
½ongoing stressorsðsÞ � let it goðsÞ�dsþ past stressors kept alive t0 ð3Þ

let it got ¼
past stressor kept alive t

memory timet
ð4Þ

memory timet ¼ y9 � ruminationt ð5Þ

All formulas are listed in S1 Table. It is important to note that the causal mechanism and

the parameters of the SD model (θ1-θ12 in Fig 1) are the same for all individuals while the value

of different stocks (e.g., depressive symptoms) and the random noises vary across individuals.

The parameters of the model (See Table 1) were estimated by using the indirect inference

method. The estimation procedures of this model are explained in detail in Hosseinichimeh

et al. [37].

Results

Means and standard deviations of all measures at each evaluation time for all participants

(n = 661) as well as separately for boys (n = 308) and girls (n = 353) are listed in Table 2. Girls

reported more depressive symptoms at Time 1 (p = 0.03) and Time 3 (p = 0.08) and higher lev-

els of rumination at all evaluation times (p = 0.00). There is no gender difference in stressful

life events at Time 1 (p = 0.98) and Time 3 (p = 0.27).
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Trajectories of depressive symptoms by characteristics of participants

Although the parameters of the model (θ1-θ12) are the same for all individuals, the model gen-

erates different trajectories for participants because the initial values of depressive symptoms,

rumination, gender, prior stressors (i.e., initial value of past stressors kept alive), and ongoing

stressors (i.e., inflow of past stressors kept alive) differ across individuals. A simulated individ-

ual with sizable ‘prior stressors’ has experienced many stressors in the six months prior to the

beginning of the simulation and a simulated person with a large value of ‘ongoing stressors’

represents someone who experiences stressors during the entire simulation.

Trajectories for female participants. We ran a full-factorial simulation experiment to

examine how depressive symptoms of diverse individuals evolve over 120 months. We used a

timeframe of 120 months since almost all first depressive episodes remit within 120 months

[38]. We changed four factors (i.e., initial rumination, depressive symptoms, prior stressors,

and ongoing stressors) for girls and boys separately. As a result, sixteen female and sixteen

male groups emerged. S1 Fig depicts the sixteen female groups and S2 Fig depicts the sixteen

male groups, which represent heterogeneous clinical presentations as is common in the real

world. We used the same inputs to run fully controlled simulations for each group. The high

Table 1. Estimated parameters using indirect inference.

Unknown Parameters Estimated parameters

Rumination Constant (θ1) -1.2504 (0.991)

Effect of depression on rumination (θ2) 0.4236 (0.301)

Gender Coefficient (θ3) 2.5152 (1.002)�

Effect of stress on rumination (θ4) 0.2518 (0.117)�

Rumination Coefficient (θ5) 0.1639 (0.495)

Depression Constant (θ6) 0.3730 (0.039)�

Effect of rumination on depression (θ7) 0.0699 (0.003)�

Depression Coefficient (θ8) 0.8894 (0.004)�

Effect of rumination on time constant (θ9) 1.4741 (0.051)�

RumNoise Standard Deviation (θ10 = s2
r ) 7.8735 (4.088)

DepNoise Standard Deviation (θ11 = s2
d) 0.0002 (0.016)

Correlation Time (θ12) 1.6008 (0.793)�

Standard errors are presented in parentheses.

�significant at 95% level.

Table 2. Summary of measures.

Variable Total Girls Boys Gender difference

Depressive symptoms at Time 1 9.48 (6.28) 9.98 (6.45) 8.91 (6.04) 1.07��

Depressive symptoms at Time 3 9.78 (7.64) 10.28 (7.58) 9.22 (7.68 1.06�

Rumination at Time 1 11.59 (7.52) 12.78 (7.71) 10.23 (7.06) 2.55��

Rumination at Time 2 10.85 (7.62) 12.24 (7.98) 9.25 (6.86) 2.99��

Rumination at Time 3 9.95 (7.95) 11.49 (8.24) 8.19 (7.22) 3.29��

Stressful life events at Time 1 4.96 (3.32) 4.97 (3.14) 4.96 (3.52) 0.01

Stressful life events at Time 3 4.20 (3.70) 4.35 (3.48) 4.03 (3.93) 0.32

Standard deviations are in parentheses.

�significant at the 0.1 level.

��significant at the 0.05 level.

https://doi.org/10.1371/journal.pone.0276441.t002
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and low levels of rumination and depression were found by adding or subtracting one stan-

dard deviation to or from the mean. We added two standard deviations to the mean of prior

and ongoing stressors to find the high levels and we subtracted one standard deviation from

the mean of prior stressors to determine its low value. The low value of ongoing stressors was

set to zero because the subtraction of one standard deviation from its mean was negative.

As shown in Fig 2, the initial depressive symptoms of the first eight groups are high and val-

ues for the remaining groups are low. Individuals in groups 1 to 4 and 9 to 12 have sizable ini-

tial rumination while others have low rumination at the beginning of the simulation. For

instance, individuals in group 1 have high initial rumination and depressive symptoms and

they experienced stressful events in the past and additional stressors are occurring in their

present life. In each group, we ran the model for 2,500 subjects with different random shocks

to capture different environmental events that individuals encounter in the real world. At each

point in time, we found the mean depressive symptoms of 2,500 subjects and the range envel-

oping 75% of the symptoms (Fig 2). The 75% envelope depicts the range including depressive

symptoms between the 12.5 and 87.5 percentile within each group. The same procedures were

followed for male adolescents (Fig 3). Based on Timbremont et al. [39], depressive symptoms

above 16 is considered clinical depression for adolescents.

Fig 2. Simulated depressive symptoms over 120 months for 16 female groups.

https://doi.org/10.1371/journal.pone.0276441.g002
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The major impact of ongoing stressors on depressive symptoms can be observed by compar-

ing column 1 with 2 and column 3 with 4 in Fig 2. Depressive symptoms of girls with a high

level of ongoing stressors (columns 1 and 3) increase over time while they follow a declining or

stable trend for those with low ongoing stressors. For example, simulated adolescents in groups

1 and 2 are similar in terms of prior stressors and initial rumination and depression while they

have different ongoing stressors. The depressive symptoms of group 1 exacerbate over time,

which aligns with prior findings that indicate 6% of people who experience a depressive episode

may not recover for 15 or more years [38]. In contrast, the symptoms of group 2 increase and

then decline over 120 months. The initial increase of depressive symptoms for group 2 are

caused by prior stressors that still exist in the stock of the past stressors kept alive. After a few

months, rumination and depressive symptoms decrease because those stressors leave the stock

(balancing loop B1 dominates the system) and no more stressors occur in the lives of partici-

pants in group 2. Depressive symptoms of group 2 reach a state of equilibrium after around 10

years because it takes a long time for group 2 to fully let go of the stressors. Girls in group 1,

unlike group 2, experience stressors during the entire simulation. As a result, stressors accumu-

late in the stock of past stressors kept alive and rumination and depression reinforce each other

and increase over time (both reinforcing loops R1 and R2 dominate the dynamics of the sys-

tem). Prior stressors in combination with initial rumination influence the trajectory of

Fig 3. Simulated depressive symptoms over 120 months for 16 male groups.

https://doi.org/10.1371/journal.pone.0276441.g003
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depressive symptoms in the first few months. Depressive symptoms initially grow if both prior

stressors and initial rumination are high because high initial rumination reduces let it go rates,

thus, prior stressors stay longer in the stock of past stressors kept alive and rumination and

depression intensify each other (R1 and R2 dominate). However, their impact is temporary and

if there are no ongoing stressors, depressive symptoms decline and become stable over time (B1

dominates). For instance, group 10, which is high in depressive symptoms and ongoing stress-

ors, experiences an initial increase in depressive symptoms while the depressive symptoms of

group 12 or 14 only increase slightly to reach the steady-state level in the absence of any ongoing

stressors. However, the interaction of initial rumination and prior stressors has a long-term

impact if large levels of the two factors are accompanied by large ongoing stressors (groups 1

and 9). Group 9’s depressive symptoms are initially low but elevated initial rumination com-

bined with large prior and ongoing stressors increase their symptoms to a level similar to

Group 1 (Reinforcing loops R1 and R2 dominate the system).

Trajectories for male participants. The average and 75% envelope of the simulated

depressive symptoms for 16 male adolescent groups are shown in Fig 3. The high/low levels of

depression, rumination, prior stressors, and ongoing stressors for boys (15/3, 17/3, 12/1.4, and

2/0) are found by following the same procedures explained for girls. The high level of ongoing

stressors was set at two for both genders to make the final trajectories of depressive symptoms

comparable. The same level of ongoing stressors caused less depressive symptoms in boys than

girls because girls have a higher tendency to ruminate about stressors.

The impact of MBCT therapy on depressive symptoms

Next, we will describe results from our test of the effects of MBCT on the depressive symptoms

of heterogeneous adolescents in a simulated environment. We developed a test based on the

empirical literature in which a stressful life event with an intensity of 40 was applied at month

20 and continued for two months; MBCT was then received at month 30. Prior findings have

shown that the impact of therapy may last up to 24 months [40]. Therefore, we hypothesized

that MBCT reduced the ‘memory time’ by 60% from month 30 to month 54 [41]. Similar to

the previous section, we simulated 2,500 individuals in each group and found the average and

75% envelope of the simulated depressive symptoms.

The dashed line in Fig 4 shows the mean depressive symptoms when adolescents experience

a stressful event beginning at month 20 without receiving MBCT and the dashed lines around

it show the 75% envelope. The solid line depicts the symptoms when both the stressful event is

added to the simulation at month 20 and MBCT begins at month 30; the 75% envelope is the

gray area shown around it. For comparison, the baseline output from Fig 2 is included as a

long-dash-dot line.

Comparison of columns 1 and 3 with 2 and 4 of the simulation results shows that those

with ongoing stressors benefited the most from therapy. For instance, individuals in group 1

treated with MBCT after the intense stressful event (solid line in Fig 4) have much lower symp-

toms than those who did not receive the treatment after the stressor (dashed line in Fig 4). For

group 2, although the difference between the symptoms with and without treatment is signifi-

cant for a period of time, the symptoms among those receiving treatment and not receiving

treatment merge near the end of simulation. The difference is larger for group 1 because stress-

ors continue to occur in their lives and accumulate in the stock of ‘past stressors kept alive’. As

a result, at any point in time, group 1 has a larger stock of past stressors and subsequently

higher rumination and memory time to be treated with therapy. However, individuals in

group 2 do not experience any stressors after month 20 and their stock of past stressors, thus,

rumination and depression decline over time even without receiving therapy. Therefore,
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although group 2 experiences clinically significant declines in symptoms after therapy, MBCT

has a higher impact for group 1. As the effect of therapy diminishes, the decline in symptoms

slows and begins to increase around month 70.

Similar to girls, boys with ongoing stressors received the most benefit from therapy (See Fig

5). The same level of ongoing stressors causes less depressive symptoms in boys than girls, as a

result, the therapy has a higher impact on female adolescents. The overall trends of symptoms

are the same for both genders because the underlying mechanisms are the same.

Impact of MBCT based on the timing of initiation of treatment following

an episode

Next, we investigated the impact of the timing in which MBCT was received. Specifically, we

examined the effect of receiving MBCT beginning six months, two years, four years, and eight

years after the first episode of depression, which is shown respectively with a dot line, dashed-

dot line, dashed line, and dashed-dot-dot line in Fig 6 for females and Fig 7 for males. These

time points were selected because people, on average, receive treatment 8 years after their ini-

tial episode [19], thus, this allowed us to examine the effects of receiving treatment then or

Fig 4. Simulated depressive symptoms for 16 female groups who experienced a stressful life event at month 20 and therapy at month 30. The long-dash-

dot line captures the baseline output. The dashed line depicts the depressive symptoms when girls experience a stressful life event at month 20. The solid line

shows the results when they experience a stressful life event at month 20 and then therapy at month 30.

https://doi.org/10.1371/journal.pone.0276441.g004
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sooner. To observe the impact of initiating therapy at different times following the first epi-

sode, the time horizon in the simulation was extended to 180 months. A depressive episode is

defined as the persistence of depressive symptoms above 16 for at least two weeks. Again, we

assumed that the therapy would reduce the ‘memory time’ by 60% and the effect of treatment

would become noticeable after 2 months and last for 24 months. We simulated the model for

2,500 adolescents and reported the mean. We only showed the 75% envelope for the baseline

output (receiving no therapy is shown with the gray shaded area) and for the group receiving

therapy six months after the first episode (area is shown by dot lines) because the graphs

become difficult to decipher.

Receiving therapy at any time after the first episode reduces depressive symptoms for girls

with high ongoing stressors (See columns 1 and 3 of Fig 6, comparing the solid line with the

other lines). However, if groups 1 and 9 who have elevated rumination and high prior and

ongoing stressors receive therapy earlier, they would have significantly fewer depressive symp-

toms following the episode (for instance, compare the dot line with the dashed line in group 1

of Fig 6). Although the outputs of different therapy simulations eventually converge, the differ-

ence in symptoms after the therapy are clinically significant.

Fig 5. Simulated depressive symptoms for 16 male groups who experienced a stressful life event at month 20 and therapy at month 30. The long-dash-dot

captures the baseline output. The dashed line depicts the depressive symptoms when boys experience a stressful life event at month 20. The solid line shows the

results when they experience a stressful life event at month 20 and then therapy at month 30.

https://doi.org/10.1371/journal.pone.0276441.g005
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The trajectory of depressive symptoms for some adolescents who received therapy overlaps

with the baseline for some individuals because they did not experience a depressive episode

during the entire simulation (e.g., group 6 in Fig 6). Only boys with high prior stressors, ongo-

ing stressors, and rumination received significant benefit from therapy (i.e., group 1 and 9 in

Fig 7).

Discussion

This study used an SD simulation model of depression developed and calibrated in Hosseini-

chimeh et al. [37] to investigate the effect of MBCT on depressive symptoms among heteroge-

neous adolescents. Simulation outputs showed that the level of ongoing stressors play a critical

role in the evolution of depression and the interaction of the initial level of rumination and

prior stressors influences the trend of depressive symptoms in the early months of the simula-

tion. In one test, we applied an intense stressful event at month 20 followed by MBCT at

month 30. We found that adolescents with high ongoing stressors benefited the most from

therapy. Our model also demonstrated that the same level of ongoing stressors caused more

depressive symptoms in girls. This is because girls are more likely to ruminate after

Fig 6. Simulated depressive symptoms for 16 female groups who receive therapy 6 months, 2 years, 4 years, and 8 years after their first episode. Solid line

captures the baseline, the dot line, long-dash-dot, dashed line, and long-dash-dot-dot depict the depressive symptoms when girls receive therapy 6 months, 2

years, 4 years, and 8 years after their first episode.

https://doi.org/10.1371/journal.pone.0276441.g006
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experiencing a stressful event and the treatment has a higher impact on girls. However, it’s

important to note that when comparing girls and boys, the overall trends of symptoms are the

same because the underlying mechanisms for each gender are the same in the model. There-

fore, regardless of gender, adolescents with ongoing stressors received the most benefit from

therapy. We also examined the impact of the timing of treatment on depressive symptoms.

Treatment at any point in time after the first episode reduced depressive symptoms for girls

with high ongoing stressors but those who received therapy earlier after their first episode had

a better quality of life. Therapy significantly reduced the depressive symptoms of boys if they

had elevated levels of initial rumination and stressors. Our results are consistent with prior

research findings that girls have a tendency to ruminate more than boys [36], and that inter-

ventions for rumination may be more beneficial for girls [42].

Our study makes several important contributions to the literature. Building on the literature

in personalized mental health services [7,8], this study demonstrates preliminary support for a

new method of examining personalized psychotherapy based on an individual’s active mecha-

nisms of disease. Findings show it is feasible for SD simulations to explore various treatment

paths among heterogeneous patients to assist in the selection of the optimal psychotherapy. Our

Fig 7. Simulated depressive symptoms for 16 male groups who receive therapy 6 months, 2 years, 4 years, and 8 years after their first episode. Solid line

captures the baseline, the dot line, long-dash-dot, dashed line, and long-dash-dot-dot depict the depressive symptoms when boys receive therapy 6 months, 2,

4, and 8 years after their first episode.

https://doi.org/10.1371/journal.pone.0276441.g007
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model provides a simulation lab for testing the impact of treatment and timing of treatment on

depressive symptoms of heterogeneous individuals. Future research that carefully builds on this

model is needed to develop an SD model with additional mechanisms of disease to provide a

more realistic lab for comparing treatment protocols. That said, our model is unique in that it

captures the reciprocal relationships among stressors, rumination, and depressive symptoms

simultaneously while previous research has only examined bidirectional relations between

either rumination and depression [34] or stress and depression [43,44].

The current study highlights the value of personalized psychotherapy, including both pre-

vention and treatment. Changes in prior stressors, ongoing stressors, and rumination have sig-

nificant effects on the evolution of depressive symptoms. Our simulation indicates that

depressive symptoms may aggravate rapidly among individuals with ruminative styles who face

high levels of stressors, and such adolescents may benefit the most from timely treatment. How-

ever, the benefits of therapy diminish and the depressive symptoms of those with high ongoing

stressors increases over time. For these individuals, booster sessions might be helpful in reduc-

ing the chance of recurrence. In addition, the same level of ongoing stressors generates more

depressive symptoms in girls, as a result, gender should be considered as one of the critical

inputs in tailoring treatments. Also, we showed that the depressive symptoms of an initially

non-depressed individual exacerbates quickly if the adolescent has elevated initial rumination

and high prior and ongoing stressors. This indicates the importance of screening and providing

preventive care to non-depressed adolescents with ruminative styles who are facing stressors.

Limitations

These findings should be interpreted in light of multiple limitations. First, depression is derived

by multiple factors interacting in a complex feedback system [16]. Different cognitive, biological,

genetic, social, and environmental mechanisms influence the evolution of depression. The present

study only included stressors and rumination. To increase validity, we concentrated on adoles-

cents to attempt to rule out the presence of some biological mechanisms that occur among adults

with subsequent depressive episodes. Second, we used hypothetical numbers derived from the lit-

erature, including calculating one or two standard deviations from the mean of the variables in

the model in order to investigate the impact of MBCT and the timing in which therapy was

received. Ongoing stressors is a critical determinant of trajectories of depressive symptoms and

the impact of therapy is sensitive to this variable. In one of the simulation experiments, we showed

that only boys in two groups (i.e., group 1 and 9) benefited from therapy. It is possible this result

could change if different levels of ongoing stressors were used. As such, we attempted to situate all

decisions in the literature to increase validity and create the most realistic simulation lab possible.

Conclusion

In this study, we developed an SD model of depression based on one of the major mechanisms

of depression in the literature and investigated the trend of depressive symptoms under differ-

ent conditions. Our simulation outputs show the importance of individualized services with

appropriate timing and reveal a new method for personalizing psychotherapy to heteroge-

neous individuals. Future research is needed to expand the SD model to include additional

mechanisms of depression.

Supporting information

S1 Fig. Sixteen categories of female participants. D0, R0, S0, and SI represent initial depres-

sive symptoms and rumination, prior stressors, and ongoing stressors respectively.

(TIF)
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S2 Fig. Sixteen categories of male participants. D0, R0, S0, and SI represent initial depressive

symptoms and rumination, prior stressors, and ongoing stressors respectively.

(TIF)

S1 Table. Model formulations.

(PDF)
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